We document an apparently spectacular relationship between population size and lexical diversity: for five out of seven investigated languages, there is a strong relationship between population size and lexical diversity of the primary language in this country.
Introduction
In principle, we could start our paper like this: As complex adaptive systems [1] , languages are constantly changing on all fundamental levels [2] . In this context, several studies have indicated that population size is an important factor that influences the (rate of) language change [3] [4] [5] . Based on a very large sample of the written language record [6] , we present quantitative evidence that clearly supports the claim that population size strongly influences the lexical diversity of eight languages. The problem is: an almost identical pattern emerges if we correlate the lexical diversity in a given year with the global mean sea level [7] instead of population size. This indicates that there seems to be something wrong with our analysis. While we want to point out upfront that the problem we describe is fairly common knowledge in econometric time-series analysis [8] [9] [10] [11] , we nevertheless felt the need to outline it once again in this paper, given the fact that in the recent past, several studies were published-some in journals with a good reputation -that seem to suffer from exactly this problem [12] [13] [14] [15] [16] [17] [18] . Following [19] , we consider this problematic, because the studies sometimes present surprising or even spectacular relationships, especially between different (socio-)demographical variables on the one hand and cultural or linguistic characteristics (like the one described above) on the other hand. As a result, the studies also receive widespread media attention and can, in turn, affect public opinion and decision making. We therefore hope that our paper can help both researchers and reviewers detect the problem and ultimately avoid it.
The remainder of this paper is organized in the following way: First, we document an apparently spectacular relationship between population size and lexical diversity. We then try to show that this relationship is the result of a misspecified model that does not consider the temporal aspect of the data by presenting a similar but nonsensical relationship between the global annual mean sea level and lexical diversity. On this basis, we explain the cause of the misspecification, show that it has profound consequences and demonstrate how simple data transformation can often solve the problem, before arguing that checking for plausibility is important in this context. This paper ends with some concluding remarks.
Results and Discussion
The problem of spurious correlations
We 'investigated' the correlation between population size and lexical diversity for American English, British English, Chinese (simplified), French, German, Italian, Russian and Spanish on the basis of data on population size and the type-token ratio based on the Google Books dataset (see Materials and Methods for more details). At first glance, Figure 1seems to document a spectacular and fascinating relationship: There is a strong and statistically significant correlation (at p < .05 or better) between the level of the population size and the level of the type-token ratio as a measure of lexical diversity for all investigated languages, except Chinese. On this basis, we could argue for a general relationship. For example, we assume that with increasing populations, the number of language speakers naturally also increases. We could then continue and elaborate our argument by assuming that a larger number of speakers is most likely associated with a greater degree of variance in demographic background and sociocultural environments [26] , and that this greater diversity leads to an increase of the type-token ratio as a measure of lexical diversity. The fact that there is virtually no correlation for Chinese and -compared to the other languages -only a small correlation for the Russian data could then be incorporated in our "theory" by referring to the political background in those two countries, e.g. that in socialist countries, increasing population sizes do not affect the lexical diversity, because socialist coercion policies suppresses linguistic development by defining one common "linguistic" or "cultural" standard or something like that. This is exactly what [19] alerted to, since this result could be used in the media or even by politicians to criticize socialism. Figure3 "explains" these apparent relationships: all type-token ratio time-series, again except for Chinese and Russian, clearly exhibit an upward trend. The series are said to have a unit root or to be non-stationary [11] . The same is true for both the population sizes and the global mean sea level, which also increased throughout the 20 th century.
For the analysis of temporal data, this has important ramifications because the following statement is true per definition: values that are later in time will be above the average of the mean value of the series, while values that are earlier in time will be below average.
Since the Pearson product-moment correlation measures whether values of one series that are above/below average tend to co-occur with values of another series that are above/below average, by mathematical necessity, the correlation coefficient for two trending time-series will then be high when in fact they are not related in any substantial sense [8] . An augmented Dickey-Fuller test (a formal test for a unit root) with a lag length of 1 reveals that all time series that include the population sizes and the global mean sea level are non-stationary (all ps > .05), except for the Chinese and the Russian type-token ration series where p < .05. 
Changes instead of levels
One common approach to avoid spurious correlations is to transform the series prior to the analysis, for example by detrending the series (estimating the trend and subtracting it from the actual series). Another more general solution that often results in stationary series, that is a series in which the mean and the variance of the investigated series do not change as a function of time, is to correlate period-to-period changes instead of the actual levels of the two series [11] . It is worth emphasizing that this also re-formulates the research question as it excludes the upward trends of the correlated series [27] . It determines if period-to-period changes that are above or below the average of the first series correspond mainly to changes that are above or below the average of the second series. Therefore, [8] suggest as a rule of thumb to generally model data on a combination of both levels and changes. In our case, correlating year-to-year changes (or decade-to-decade changes) seems to be even better suited to answer our "research question": if the population increases from last year to this year, then -on average -lexical diversity should also increase from last year to this year, if both series are related. If we correlate year-to-year changes all correlations between population size / global mean sea level and lexical diversity become virtually nonexistent (r max = .10) and insignificant at all common levels of significance (p min = .31).
The problem of temporal autocorrelation
To demonstrate why it is problematic to correlate two trending time-series, we have simulated 10,000 random walks with drift (cf. Materials and Methods). Each resulting time-series has an average upward trend, but otherwise behaves in a completely random manner. This means that the random walks serve as a proxy for time series with a general upward trend. All series are then correlated with the annual global mean sea level. 
Plausibility
To demonstrate why it is also important -especially for a spectacular and unexpected result -to remain skeptical and to carefully check plausibility, let us briefly give an example what our initial "analysis" of the relationship between lexical diversity and population size would actually imply: f we regress the level of the lexical diversity in the Spanish Google Books data on the population size of Spain, we obtain a coefficient of determination of r 2 = .69. This means that almost 70% of the variance of the lexical diversity variable is "explained" by the population size (for the American English data it would be even more than 95% of the variance). This model would also imply that every 10 new inhabitants of Spain are equal to 4.56 additional word types (per 1 million word tokens) in the Spanish Google Books data (that also includes books written and published in Latin America). We believe that this would be an extraordinary result. In fact, this result would be so extraordinary that it seems wise to first ask: is this result plausible? Can we come up with any good theory regarding this relationship?
A few words on the Google Books data are in order here, as they are the basis of all but one [16] study quoted above. Here, we want to echo [31, p. 1203 ]: just because a datasets is big, does not mean that "one can ignore foundational issues of measurement and construct validity and reliability and dependencies among data." However, this seems to be precisely the case regarding the Google Books Ngram data. After all, for ngrams where n is ranges from one (single words) to five (five word units), the data consist of only year-wise aggregated overall frequencies of occurrence and the number of books each n-gram appears in. Since n-grams do not occur independently across distinct books, this aggregation of individual book frequencies means that we cannot account for the distributions of n-grams which can have profound consequences for the analysis of textual data [32, 33] . In addition, it is a largely overlooked fact that the Google Books
Ngram data only includes the counts for n-grams that occur at least 40 times across the entire corpus. At least from a (corpus) linguistic point of view, this certainly matters since most n-grams are very infrequent. So in terms of what we know about word frequency distributions [34] , this procedure eliminates approximately 95% of all different 1-gram types; for n-grams where n>1 this figure is even higher [35] . To the best of our knowledge, the question of whether this arbitrary data truncation does not impose a systematic bias on the data is something that remains to be demonstrated empirically, given the fact that corpus size for each year strongly increases as a function of time. At the same time, this means that we would have to further extend our analysis illustrated above: nearly every second new inhabitant of Spain is "responsible" for one new word type that occurs more than 40 times in the Spanish Google Books data.
To check the plausibility of this result, we would have to face the fact that we still do To drive home this point, if we regress the level of lexical diversity in the German Google Books data to the population size of China, we obtain a very strong correlation of r = .89 that is significant at all standard levels. Our model predicts that with every 1,000 new inhabitants of China, we will find roughly 15 additional word types in the German Google Books data. While it is certainly possible to "rationalize nearly everything" [9, p. 2], we just do not think that this result makes any sense -which mechanism could generate a relationship like this? If we use year-to-year changes instead of the actual levels, we obtain an insignificant correlation of 0.10 (p = 0.34). This implies that knowing the Chinese population size does not help in predicting the lexical diversity in the Google Books data, a result which we believe fits reality more closely.
From a statistical point of view, this demonstrates why it can be a good idea to model a potential relationship between two trending time series with changes instead of levels. This is also important from a methodological point of view: just because two series are trending, does not necessarily imply any substantial relationship [30] . Therefore we strongly advise against using the fact that two series are evolving in a predicted way as evidence in order to substantiate a specific theoretical claim. The outlined problems all have to do with the fact that -in making the data freely available (which is a fantastic thing) -Google wanted to avoid breaking any copyright laws, and it goes without saying that legal restrictions also have to be taken seriously in this case. However, while we are -as many other empirically-minded researchersfascinated by the possibilities that the analysis of "big data" offers, we believe that the seemingly prevailing view that the size of the (Google Books Ngram) data will stand in for fundamental methodological problems, is not justified.
Concluding remarks
All recently published studies that we mentioned in the introduction do not explicitly model the underlying temporal structure of the data [12] [13] [14] [15] [16] [17] [18] . This certainly has to do with the fact that time series analysis is a relatively young statistical discipline [11, p. xxi-xxii]. We hope that this paper will help both researchers and reviewers understand why it is important to use special models for the analysis of such data. Standard statistical models that work for cross-sectional data run the risk of incorrect statistical inference in time-series analysis, where (potentially strong) effects are meaningless and therefore can potentially lead to wrong conclusions.
nese (simplified), French, German, Italian, Russian and Spanish. The type-token ratio for each year and each language is calculated by dividing the number of unique strings by the total number of strings. Higher type-token ratios are indicative of higher lexical diversity. Since this measure is known to be heavily text-length dependent [23] and given the fact that the corpus size based on the Google Books data strongly increases as a function of time, calculating the type-token ratio based on the actual corpus sizes would systematically bias the results. To solve this problem, random samples of 1,000,000 tokens were drawn from the data as described in [24] . The analysis is restricted to the 20 th century, execpt for Chinese, which is restricted to the time span 1950-2000 since the size of the Google Books base corpora is not sufficient (< 1,000,000 tokens) for earlier periods.
Additionally, we simulated i = 10,000 random walks with drift [25, 11] that are defined as:
where x t is the value of the ith random walk at time point t; the constant drift term d i is randomly drawn from a uniformly distributed interval [0.02,0.2) and e t is white noise, normally distributed over the interval [0,1).
For each resulting series this means that the current value of the series depends on its previous value plus a positive drift term and a white noise error term. At each point in time, the series takes one random step away from the last position, but as result of the drift term, the series will have an upward trend in the long-run.
All analyses were carried out using Stata/MP2 14.0 for Windows (64-bit version). To ensure maximal replicability, S2 contains a Stata script ('do-file') that automatically downloads the data and reproduces all results presented in this article, while S3 is a delimited text file (comma-separated) of the final dataset that can be used to replicate our findings with another software package.
Temporal autocorrelation
From a statistical point of view, temporal autocorrelation is problematic because it biases our estimators. If, for example, we fit a simple time-series regression that can be written as:
y t = β 0 + β 1 x 1t + ε t where y t represents the level of our outcome variable in t and x 1t is the level of predictor variable, β 0 is the regression constant and β 1 is the regression coefficient, ε t is the error term. OLS analysis assumes that there is no autocorrelation between the residuals ( ( , ) = 0 for all ≠ ). In this context, first-order autocorrelation ε t can be written as:
where ρ is the autoregressive parameter and η t is a white-noise process. In the presence of first-order autocorrelation, the OLS estimators are biased and lead to incorrect statistical inferences [28] . To see, why this is also the problem of our simulation, Figure 5 shows the correlation between current and lagged residuals of an OLS regression for each of the simulated random walks with drift on the annual global mean seal level.
While the regression residuals of levels are strongly autocorrelated (r mean = .91), we obtain a normal distribution with a mean close to zero (r mean = -.02) for the regression residuals of year-to-year changes. 
